Abstract: Human footprint is having a unique set of ridges unmatched by any other human being, and 1 therefore it can be used in different identity documents for example birth certificate, Indian biometric 2 identification system AADHAR card, driving license, PAN card, and passport. There are many 3 instances of the crime scene where an accused must walk around and left the footwear impressions 4 as well as barefoot prints and therefore it is very crucial to recovering the footprints to identify the 5 criminals. Footprint-based biometric is a considerably newer technique for personal identification. 
involved in the transaction is correct one, or on the other side, we are struggling with non-repudiation 38 problem of information and personal security. Footprint showing the landmarks and measurements for BBAL-breadth of footprint at ball and BHEL-breadth of footprint at heel. The HB(Heel-Ball)Index of a footprint was derived as (BHEL ÷ BBAL) × 100, for sex determination using footprint [18] ;(b). Landmarks and diagonal length measurements on left footprints, PLT1-PLT5(distance from P to the big toe-PLT1, index toe-PLT2, middle toe-PLT3, fourth toe-PLT4, little toe-PLT5 respectively), measurements taken from the mid-rear heel point P to the most anterior point of left toes LT1 to LT5 on footprints. DLA is the designated longitudinal axis [19] .
template) and identification (1: n comparison to find a matching template, if existing), as is used in 88 several literature" [7, 9, 23, 24] . Figure 5 shows seven biometrics measures which have been discussed by Ref. [3, 6, 25] includes, "
90
(i) The universality, is every subject in this system should hold the feature; (ii) these attained features 91 must be effectively diverse for subjects in the applicable domain such that one can be distinguishable 92 from another is uniqueness; (iii) the way in which a feature illustrates the discrepancy temporally is dealt 93 with the permanence problem, and it is expected that the permanence will be reasonably invariant over According to Ref.
[51], a gait is determined using person's four main walking stances. They used viewpoint based template matching of body silhouettes captures height, width, and part proportions of the human body(silhouette extraction), on the other side cyclic gait capture stride length and the amount of arm swing analysis to extract keyframes (identify key frames) to compare with the training frames (template matching). The frame matching gives statistical parameters and matching score of two templates t 1 and t 2 as eq. 1 C(t 1 , t 2 ) = max(t 1 ×t 2 ) max(t 1 ×t 1 ) × max(t 2 ×t 2 )
wheret is given by eq. 2t
and × is cross correlation operation. The maximum value of C(t 1 , t 2 ) is chosen. They used datasets 164 from the MIT database shows 25 subjects (14 male, 11 female), the CMU MoBo database motion 165 sequences of 25 subjects (23 male, two female) exercising on a treadmill, the U.Maryland database 
Invariant Gait Recognition

170
Ref.
[52] presents an invariant gait recognition approach. Human gait is spatiotemporal in nature.
171
This algorithm gives a comprehensive solution to synthesizing arbitrary views of gait and applying 172 incorporated views for gait recognition at any arbitrary angle to the camera on a perspective plane. Ref. [53] ,shows the advanced research on identification by observation of gait and its to prove that his system is realistic which may likely to be developed and used in the years to come. Unobtrusiveness is the feature in which the prior consent is not required to capture the gait. The clothes, walking surface, walking speed, and emotions affects the gait pattern. Pattern ambiguity is a possibility in several cases, for example, the same kind of person (considering emotions) may have the same gait pattern. Adding another modality like the foot, retina, or palmprint (obtrusive) in conjunction with gait can make this identifiable. But if we add pattern it will need personal consent while foot pressure (requires special instruments to capture) or the face can help significantly. The calculation of two frequency templates (Fourier examination determines harmonic component) is straightforward. On the other hand in spatial template matching the sequence of gait features must be compared with another sequence. If T1 and T2 are the fundamental walking periods then the cumulative distance is calculated by eq. 3:
where w 1 (t) and w 2 (t) are the wrapping functions, and U is given by eq. 4
and D(·) gives the distance between feature vectors at time t. HMM is applied in gait stances. For 181 a model λ, and test feature vectorsf i , the higher probability is acknowledged to be identical to the 182 test subject of one of the models associated with the database with N number of subjects sequences is 183 given by eq. 5 Ref.
[43] used the BIG-MAT on the hard floor of size 440 × 480 mm 2 with the load cells forming the matrix of 10 × 10 mm 2 (44 × 48 cells) to acquired total 110 samples from ten volunteers of the pressure distribution of footprints. An image of 256 gray levels at a sampling speed of 30 fps for 5 sec acquire the barefoot prints. The monochrome image is given by eq. 6:
represents the pressure distribution of a footprint. (where X and Y are widths of the mat). Initially, in pre-processing phase, they use raw footprint to translation motion of the whole image to the center of mass then go for segmentation of in the form of separation of both feet. Followed by calculation of the center of the foot for both the feet. Then normalize the image on the center of mass. Finally, reconstructed whole footprint image. In recognition phase, they use the distance τ between the center of mass of both footprints and the angle θ between left and right footprints before normalization for personal identification. Product of the first eigenvector of the left e L and right e R footprints calculates the angle using eq. 7.
Employment of geometric elements θ and τ for recognition gives evaluation function as shown in eq. 8.
where p is input footprint and r n is the n th registered footprint (∀n | n = 1, 2, .., N), and N be the total 281 number of subjects. The first term is the Euclidean distance between I p (x, y) and I τ n (x, y). Ref. [40, 68, 69] , proposed an unconstrained person identification technique using dynamic footprint. They use one-step walking data through a mat-type pressure sensor to acquire quantized COP (Center of Pressure) trajectory from eight subjects. Like [43] , they calculate the width w x and w y of the sensor, in the same way by using eq. 9 (used w x for X and w y for Y).
Similarly, they calculated eigenvector of the left e L and right e R footprints then create a covariance matrix H. Levenberg-Marquart learning method combined with HMMs (Hidden Markov Model) for both the feet to achieve better performance by Levenberg-Marquart learning method. LM method is a blending of Newton method and gradient descent algorithm.Weight is updated by eq. 10.
where ε n is the error for nth pattern,and λ is step size. The recognition rate achieved by HMM blended
290
Levenberg-Marquart learning method is only 64% with a maximum of 80% correctly classified samples 291 of 11 subjects. Ref.
[41], uses Gauss curvature and average curvature on footprint heavy pressure surfaces pick-up to obtain the segmented footprints. The human physical characteristics decide heavy pressure surfaces to realize the identity through abstracting the foot-body pressure images and analyzing their shape features. In preprocessing phase, Gauss function in eq. 11: filters the image noise. Here normalization coefficient c does not affect the mean of the original image. The samples ranges between −3σ ≤ n ≤ 3σ used to satisfy eq. 12.
where, n be the slope of integer lies between −N and N. Consider f (u, v) be the distance from the dispersed curved surface u to the parametric surface point v in 3D space. Then eq. 13 represents a dispersible parametric surface.
If f u and f v be the first order derivative and f uu , f vv , and f uv be the second order derivative of f (u, v) then Gauss curvature is obtained as eq. 14, and average curvature is calculated as eq. 15
The Gauss curvature and average curvature represents the principal curvatures of the surface by eq. 16:
The pressure surface resembles spherical cap in geometry and has a vital role in the human identification. The geometrical shape index presented in eq. 17 gives an unique value for each footprint.
With 165 samples from 70 subjects, they show the simplicity and robustness of method and extensive 294 application in the criminal investigation, but nothing has been written for matching score. 
Footprint Similarity for Gait Analysis
296
[54] has introduced a technique to estimate footprint comparison of patient's walking pattern(gait) which is initially unstable and as the treatment goes on it becomes stable to determine the health status. The method initially starts with the edge detection and noise reduction (using the median filter to reduce salt and pepper noise) of 1200 dpi footprint image. Laplace transform has employed for binarization of the footprint. Edge of the binary image used erosion and dilation for smoothening. The distance is given by d(1/m × np) for all np points from centroid of footprint. Eq. 18 obtains the similarity measure it uses DFT of foot image
where m is the even number of sampling points, a 0 , a n , and b n are the Fourier coefficients, t is the normalization parameter ranges from 1/m to 1. The spectrum is calculated as eq. 19, likewise patient's spectrum is calculated by eq. 20.
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The matching spectra between reference and matching footprint presented in eq. 21 gives the similarity of the footprint patterns.
Inverse DFT removes high-frequency components to produce smoothed edges. The footprint is reconstructed using eq. 22
(a n cos 2nπt + b n sin 2nπt)
If k was the same number as in the previous step of Fourier transform, the reconstructed foot print the one used in fingerprint identification and verification systems [7, 71, 72] , and (iii). Geometrical or 317 statistical features focusing on characteristics such as the foot widths, to improve recognition rates.
318
Due to the practice of wearing shoes in regular activities, the footprint based recognition system 319 applies to the clean and comfortable areas where high security is not an issue with the less privacy 320 concern. Such application areas include public baths, spas and also Japanese apartments, unpaid 321 admission to fee paid areas.
323
The three module of this system includes: (i). Image acquisition achieved by simple flatbed scanners at 600 dpi. (ii). Preprocessing to normalize the image as per requirement and extract the distinct features of footprint image. Canny edge detection with a threshold applied to original footprint image B gives a binarized image B 1 .
B 2 (x, y) in eq. 23 is an image operated to a binary threshold value b using operator bin on B. This binarized image B 2 is reduced to morphological expansion using a square structuring component S to meet the boundary using eq. 24:
where S x,y is a shifting of S by coordinate value of (x, y). The binarized image B 4 is obtained using B 3 on the removal of small white Binary Large Objects (BLOBs) and a filling of whole black BLOBs except the background. Morphological erosion operation on B 4 is applied to get B 5 in eq. 25:
The angle between the y− axis and the major axis Θ (calculated by eq. 27-29) estimates the best-fitting ellipse for rotational alignment of the matching footprint. Let B is the binary n × m image with A number of white pixels, then the centre of mass C(x, y) is calculated by eq. 26 (for both ellipse and the binary image B).
Let,
then,
where,
Three main features namely Eigenfeet using PCA-based approach, minutiae, and shape are utilized in Ref.
[29] elaborated different features for footprint matching. The silhouette is a feature based on contour distance in two dimensions onto the eigenspace spanned by the 40, 100, 200 or 400 most significant eigenvectors of co-variance matrix C to the centroid, length and enclosed area of silhouette polygon it requires dynamic time warp (DTW) matching classifier [73] . Let s k be the contour distances given by eq. 30.
where S = {S 1 , S 2 , ..., S l(s) } is the silhouette polygon, and L(S), A(S) are the length and enclosed area to obtain feature vector presented in eq. 31.
The C is calculated as in subsection 5.6. 
consists of exactly L components given by eq. 33 for projection onto eigenspace.
Here Φ is given by eq. 34
and u i be the set of Eigenfeet ∀i ∈ 1, 2, .., L. After normalizing foot, it is equally divided into N vertical slices V 0 , ..., V N−1 . Let χ be the characteristic function and S y be the y−monotone polygon to compute the width using eq. 35 of a segment of the foot of size m × n with V i ∩ S y , ∀i = 0, 1, .., N − 1.
Then the feature vector for width is given as eq. 36 with N = 15.
A Euclidian distance based classifier classifies sole print [75] which is a variance of 288 overlapping blocks in the edge-detected image; it also classifies toe length which includes five toe lengths and four inter-toe angles. If α is inter-toe angle, then feature vector for toe length can be given by eq. 37.
The feature vector presented in eq. 38 defines sole print, which consists of extraction of the variance of 288 overlying chunks of size 24 × 24 pixels each. NIST's bozorth algorithm can classify minutiae using the mindtct minutiae extractor on ballprint region following the big toe matcher [76] . For each value of i from 1 to n, f i represents the elements of f , and for each value of j from 1 to m, t j denotes the reference template for matching. If e in eq. 39 is an evaluation function of Silhouette algorithm [70] then:
where D resembles silhouette data sets employing a cost function shown in eq. 40:
on DTW, and the minimum distance both the dataset is given by eq. 41.
If the value of i = j = 1, then d(i, j) = 0, for a value of i > 1;
Estimation of Stature from Footprint and Foot Outline Dimensions
[30] had applied 2080 footprint and foot outline dimensions collected from 1040 adult male 332 of 18 to 30 years old for ten and eight measurements respectively, for a particular tribe of criminal Ref.
[56] has collected one step walking foot pressure images from 30 volunteers from 20 to 85 years old using a mat type load distribution sensor of 330mm ×1760mm size comprised of 128 vertical and 64 horizontal electrode sheets with a vertical interval of 7mm and a horizontal interval of 5mm. The fuzzy classifier is defined by eq. 42.
where µ person is the fuzzy degree of a person, X is a walk data, and µ F,i is the total fuzzy degree, has 351 applied to all the obtained dynamic feature weight movement and footprint feature foot shape during Ref.
[58] obtain the center of pressure (COP) features (position and the movement) for a personal identification system captured from 11 volunteers (10 samples/volunteer) standing statically on the load distribution sensor with a slipper. The load distribution sensor Nippon Ceramic Co., Ltd., NCK is composed of 64 horizontal × 128 vertical electrodes sheets. The size of each such sheet is 330mm × 640mm, and the interval between two sheets is 5mm. The inclination angle of the slipper is 9.5 • . This system has extracted 16 features. Out of 10 samples of the dataset, five rows has used as the test set, and remaining five has used for comparison. This system has developed with a k-out-of-n system and a neural network model under less information, time and small space and experimented input test data to both the systems. The correlation coefficients of the k-out-of-n method for matching has calculated as eq. 43. Ref.
[31], gives a method based on Wavelet and Fuzzy Neural Network with a claimed recognition rate of 92.8%. Wavelet distinguishes the edge of the footprint to identify the statistical features of the four different shapes (triangle, ellipse, circular and irregular) of toe images such as angle, length, and area. The feature vector given in eq. 44:
is constituted by six parameters, where E = p/q is the eccentricity of toe region, v 2 calculates the ratio Ref.
[32] introduce modified sequential haar energy transform technique. The human footprint is robust as it does not change much over the time, universal, easy to capture as it does not need specialized acquisition hardware. Initially, the algorithm starts with capturing the left leg images acquired in different angles without provisioning any particular lighting in this setup from 400 subjects. The obtained images are then normalized for the key points and cropped respectively and converted to grayscale from RGB. Feature extraction methods Linear Predictive Coding (LPC), and Linear Predictive Cepstral Coefficients (LPCC) given by [78] has applied to the obtained images to enhanced it further by transforming to a matrix format separated into odd and even matrices of 256 × 256 pixels. Sequential Modified Haar(SMH) transforms employed to the resized images (4 × 4 blocks) to retrieve a Modified Haar Energy (MHE) features determined by eq. 45:
for level of decomposition i, neighborhood detail j is, and block number k from 1 to 16. The SMH Ref.
[38] exhibit the use of PCA and Independent Component Analysis (ICA) for footprint recognition. PCA initially computes the covariance matrix using eq. 47:
∀ meanx in dataset X. The relationship between eigenvectors V and C in V −1 × C × V = D gives eigenvalues D. V is stored in descending order of D to evaluate the projected data ℘ in V-dimensional vector space by relation eq. 48:
The computation in ICA begin with centering to get centered observation vector of x as shown in eq. 49.
After getting unmixing matrix using the centralized data the actual estimates of the independent components can be obtained by eq. 50.ŝ
The observation vector x is now transformed to whitening vector xw and satisfies the covariance matrix E{x w x T x } of x w to unity.
Eq. 51 presents the breakdown of the covariance matrix of x. Further, eq. 52 gives whitening transform of x w .
Also, Whitening converts the mixing matrix into a new orthogonal form by eq. 53
Therefore, whitening reduces the number of components to be estimated. Table 1 . Review and gap analysis of existing methods.
Authors
Main idea Gap RR
Nakajima et al. [43] Euclidean distance based person identification among 10 men using normalized static footprint user should make stand up posture every time; recognition rate is insufficient for practical uses; only 10 subjects.
85% Collins et al.[51]
Viewpoint based template matching of body silhouettes captures height, width, and part proportions of the human body MIT database 25 subjects exercising on a treadmill, the U.Maryland database with 55 individuals, and the University of Southampton database 28 subjects walking indoors on track 76% to 100%. Jung et al. [40, 68, 69] Unconstrained person recognition method using dynamic footprint in which person identification is done using position-based quantization of COP from the shoe-type pressure sensor and Hidden Markov Model blended Levenberg-Marquart learning.
highly correlated data as the images were collected in a day; using shoe-type sensor could be a significant constraint in the view of users;only 11 subjects.
64% to 80%. Ioannidis et al.[66, 67] framework for gait recognition expanded with soft biometric information acquired as height and stride length information has employed in a stochastic framework for the detection of soft biometric features of high discrimination ability extending the gait feature with added soft biometric information significantly enhances the gait recognition efficiency reduces FAR and FRR in the EER point from 4% to 15% Lu and Tan [87] supervised manifold learning technique, known as uncorrelated discriminant simplex analysis (UDSA), for view-invariant gait signal computing sequences of 124 subjects obtained from two distinct views, the Gait Energy Image (GEI) features for intraclass gait sequences ; major weakness of UDSA approach is the view of the testing gait sequence is considered to be known before recognition, which means that there should be one view-estimation module before view-invariant gait signal computing. RR using the UDSA method varies from 50% to 90% depending upon the view angle. Pataky et al. [61] foot pressure-based identification resembles to have the broad perspective in the security and health industries 1040 dynamic foot pressure patterns which are usable immediately and collected from 10 volunteers (104 samples per subject) based on automatic spatial alignment classification rate (CR) of 99.6 % regardless of automatic dimensionality reduction Kumar and Ramakrishnan[33, 35, 36, 80] PCA and ICA ; PCA initially computes the covariance matrix using C = (X −x) × (X −x) T ; ∀ meanx in dataset X. The computation in ICA begin with centering to get centered observation vector of x as xc = x −x.
After getting unmixing matrix using the centralized data the actual estimates of the independent components can be obtained byŝ = A −1 (xc +x). only 21 subjects 95% Das and Bandyopadhyay [85] computational analytics of crime scene investigation, which is a meeting point of science, logic, and law using foot boundary detection in the manual crime scene, the investigator investigates based on blood spots, hair, fingerprints, and available piece of belongings makes the task very long and slow. Foot biometry has largely ignored so far. This approach takes the high-definition pictures of the available footprint of any form. These images then used for identification purpose based on foot boundary 
